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Designing and implementing biodiversity-based value chains can be a complex
undertaking, especially in places where outcomes are uncertain and risks of project
failure and cost overruns are high. We used the Stochastic Impact Evaluation (SIE)
approach to guide the Intergovernmental Authority on Development (IGAD) on viable
investment options in honey value chains, which the agency considered implementing
as an economic incentive for communities along the Kenya-Somalia border to conserve
biodiversity. The SIE approach allows for holistic analysis of project cost, benefit, and
risk variables, including those with uncertain and missing information. It also identifies
areas that pose critical uncertainties in the project. We started by conducting a baseline
survey in Witu and Awer in Lamu County, Kenya. The aim of the survey was to establish
the current farm income from beekeeping as a baseline, against which the prospective
impacts of intervention options could be measured. We then developed an intervention
decision model that was populated with all cost, benefit and risk variables relevant to
beekeeping. After receiving training in making quantitative estimates, four subject-matter
experts expressed their uncertainty about the proposed variables in the model by
specifying probability distributions for them. We then used Monte Carlo simulation to
project decision outcomes. We also identified variables that projected decision outcomes
were most sensitive to, and we determined the value of information for each variable.
The variable with the highest information value to the decision-maker in Witu was the
honey price. In Awer, no additional information on any of the variables would change the
recommendation to invest in honey value chains in the region. The analysis demonstrates
a novel and comprehensive approach to decision-making for different stakeholders in a
project where decision outcomes are uncertain.
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INTRODUCTION
How to approve and prioritize among projects that aim at biodiversity conservation has been
highlighted as one of the most critical decisions that conservation planners face [1]. This is not
surprising, because conservation outcomes are often achieved through complex mechanisms, and
the success of conservation actions is rarely guaranteed, withmany uncertainties preventing precise
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impact prediction. Success is even harder to predict, when
conservation agencies aim to strengthen biodiversity indirectly,
e.g., by supporting livelihoods and economies of local people
as an incentive for them to conserve biodiversity outcomes [2].
Investing in biodiversity based value chains does not necessarily
result in positive biodiversity outcomes. Negative impacts can
arise, when value chain development results in depletion of the
biodiversity that forms the resource base, on which the value
chain depends (e.g. fisheries or non-timber forest products).
The production of honey is an example of a biodiversity
based value chain that strengthens rather than erodes the
conservation of biodiversity [3]. This is because honey producers
have an interest to conserve the vegetation and plant species that
produce the nectar and pollen that supports the value chain. The
development of honey value chains typically revolves around a
combination of introducing improved bee keeping and honey
production techniques and improved access to markets for honey
[4]. Yet, while attractive at first sight, such improved techniques
are not always easily adopted [5]. An important reason for this is
uncertainty among farmers about the financial outcomes of their
investment in improved honey production techniques.
A detailed cost-benefit analysis on beekeeping projects can be
considered to reduce the perceived uncertainty. However, there
are rarely sufficient data on all relevant aspects of an investment
decision to allow precise, purely data-driven projections to
support decision-making [6]. Given such a lack of perfect
knowledge, decision-makers need appropriate tools for handling
uncertainties, and for identifying and prioritizing knowledge
gaps, whose narrowing would reduce their chance of selecting
a suboptimal decision option [7, 8]. Furthermore, decision-
makers need improved capabilities to quantify risks surrounding
proposed interventions, because failure to adequately account for
risk can lead to high chances of project failure [9].
The Stochastic Impact Evaluation (SIE) approach allows
for a structured decision analysis that incorporates all
relevant variables, even those with uncertain and missing
information [10]. It considers risk factors that may compromise
project success or affect project performance. The approach
incorporates Value of Information analysis that prioritizes critical
uncertainties in a project, where further research has the greatest
potential of enhancing clarity on the decisions. The present
study uses the SIE approach to assess investment decisions
in honey value chains for the Intergovernmental Authority
on Development (IGAD) in its program on Biodiversity
Management (BMP).
Study Background
IGAD-BMP partnered with the World Agroforestry Centre
(ICRAF) to implement the program’s biodiversity-based
interventions along the Kenya-Somalia border. During the
project inception phase, stakeholders were consulted, and they
proposed participatory honey value chain development as
one of the economic incentives for biodiversity conservation.
Communities from Witu and Awer were selected to pilot the
beekeeping project in Lamu County. One hundred farmers
from both communities were selected and trained in beekeeping
techniques to boost their honey production knowledge and
improve their access to formal markets.
The training was held in May 2015 inMalindi, Kenya. Malindi
was selected for training due to its proximity to the Arabuko-
Sokoke Forest, where surrounding communities intensively
practice modern beekeeping. This provided an opportunity for
the trainees to learn from established beekeepers. The training
brought together different honey value chain actors, including
representatives from the Ministry of Livestock and Fisheries
in Kenya. During the workshop, stakeholders agreed that
honey value chains had potential for being a viable investment
option for Witu and Awer communities. A baseline survey
(Figure 1) was commissioned to establish the current net income
from beekeeping, the actual number of beekeepers among the
trained farmers, beekeeping practices and risks associated with
beekeeping.
In Awer, the average net income from beekeeping was
82 thousand Kenyan Shillings (Ksh) per year, approximately
Ksh 225 per day (Table 1). Traditional beekeeping was widely
practiced and characterized by high productivity and well-
established markets. In Witu, the average net income from
beekeeping per farmer was Ksh 39 thousand (approximately
Ksh 107 per day). Very few farmers were currently practicing
beekeeping. The region also had very low honey productivity and
low farm gate prices, although a higher percentage of interviewed
farmers were educated compared to Awer.
The baseline survey informed the project implementation
approach for both communities. In Awer, it seemed sensible
to support traditional beekeeping, since the region was
characterized by high honey productivity and favorable farm gate
prices. Establishment of a honey collection center and support
of value addition activities, such as packaging, branding and
processing of other bee products, were the most promising
investment options. In Witu, the favored approach was to
invest in modern beekeeping with emphasis on intensive farmer
training and engagement of all honey value chain actors to
boost productivity. Bridging existing gaps between beekeepers
and formal markets was also a priority for the implementer to
ensure favorable farm gate prices for the beekeepers.
While clear strategies for HVC development in the two
regions thus emerged from the initial consultations and baseline
survey, IGAD-BMPwas still lacking certainty that the investment
would raise farm incomes. To clarify the prospects for the
intervention, the analysis aimed at (i) projecting impacts
on beekeeping farms using a probabilistic impact evaluation
approach, (ii) identifying and mitigating critical uncertainties
in the project, and (iii) providing recommendations for project
monitoring to reduce the chance of negative outcomes.
MATERIALS AND METHODS
We used ICRAF’s Stochastic Impact Evaluation approach
(Figure 2), which is based on the principles of Applied
Information Economics (AIE) [9, 11], to project the impact
of the decision on different stakeholders in the project. The
method makes use of all available information, including expert
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FIGURE 1 | Geographical context of IGAD’s honey value chain intervention project.
TABLE 1 | Summary of the baseline survey results for net income from
beekeeping in Witu and Awer.
Awer Witu
Variable Category Number (%) Number (%)
Gender Men 37 (66) 37 (64)
Women 19 (34) 21 (36)
Level of education No education 32 (57) 13 (22)
Primary 22 (39) 21 (36)
Secondary 2 (4) 15 (26)
Higher education 0 (0) 9 (16)
Bee keeping methods None 2 (4) 43 (74)
Traditional 29 (52) 8 (14)
Modern 14 (25) 1 (2)
Both 11 (19) 6 (10)
Hives per household 2 to 4 1 to 3
Honey per harvest (liters) 5 to 12 2 to 6
Income per beekeeper
(thousand Ksh)
−19 to 299 −28 to 171
knowledge, in making impact projections. The SIE approach can
be applied even in the absence of perfect data. We quantified all
risks, costs and benefits based on the current state of knowledge
about them, considering the uncertainties about intervention
outcomes that result from this. We also embraced the concept of
Value of Information, which is useful for determining decision-
specific knowledge gaps that decision-supporting research should
address [12].
Modeling Process
The SIE process begins by thoroughly defining the decision to be
made. According toHubbard [9], a decisionmaymerit structured
decision analysis if it has two or more realistic alternatives,
invokes some form of uncertainty or dilemma, has potentially
negative consequences if it turns out that the wrong position
was taken, and involves a decision-maker. For this study, HVC
development was identified as a viable investment option during
the consultative workshop, but stakeholders were still unsure that
the decision to invest in HVCs would benefit them. This led to the
question: “Should IGAD-BMP invest in the proposed honey value
chain intervention as an economic incentive for Witu and Awer
communities to conserve biodiversity?”
To clearly define this question, a decision analysis team was
constituted with the aim of clarifying whether IGAD-BMP was
interested in return on investment, who exactly the agency was
targeting to raise incomes from beekeeping, and how the project
was going to be implemented. The team that was convened to
develop the HVC decisionmodel consisted of 8 members: IGAD-
BMP’s HVC intervention project manager, the biodiversity
management program coordinator, two decision analysis experts,
one participatory modeling scientist and four research assistants.
The initial conceptual model (Table 2), which aimed to reflect
the overall structure of the decision at hand, was then sent to a
principal bee health scientist from the International Centre of
Insect Physiology and Ecology (icipe) for review. The updated
model (Figure 3) was translated into a set of equations that
represented the team’s understanding of the decision’s impact
pathway [13].
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FIGURE 2 | Sequence of activities in the SIE decision modeling approach (modified from [8]).
Decision outcomes were projected using the decisionSupport
package [14] for the R programming environment [15]. For
this, the model equations were coded as a welfare function
in R programming language (Data Sheets 3, 4). The model
was parameterized using estimated probability distributions for
variable values (Data Sheets 1, 2) (often specified as 90%
confidence intervals), which were obtained from literature review
and five established beekeepers from Mwingi in Kitui County,
Kenya. The process required the team to undergo calibration
training—a process that improves the capacity to make range
estimates for which one is 90% confident that the actual value
lies within the provided range [9]. This was done for all
variables, including those for which no other information was
available. Using the estimated variables as inputs, the decision
model was run as a Monte Carlo simulation [16, 17]. This
approach produced a distribution of possible decision outcomes
by running the model a large number of times, each time fed with
a different set of random draws from the defined distributions
for the variables in the equations [18]). To identify variables
that were most uncertain in the analysis, we used Partial Least
Squares (PLS) regression [19], which was also implemented in
the decisionSupport package [14].
The most uncertain variables in a project, which outcome
projections are most sensitive to, are not necessarily most
important to the decision-maker, because new information on
them may not be able to change the recommendation emerging
from the decision model. The value of additional information
on a variable for decision-makers is determined by whether this
information has the potential to change the sign of the expected
value of the decision, which would change the preferred decision
option [9].
To identify high-value variables, the Expected Value of Perfect
Information (EVPI) was calculated by detecting correlations
TABLE 2 | List of variables used to populate the beekeeping model.
Benefits Costs Risks
Direct benefits
• Revenue from sale of
honey
• Revenue from sale of
wax
Indirect benefits




• Cost of labor to establish apiary
• Transport of equipment cost
• Cost of beehives
• Cost of setting up collection
centers
• Cost of farmer packages
• Other initial costs
Recurring costs
• Harvesting cost
• Wax processing cost
• Honey/wax transportation cost
• Honey processing cost
• Hive maintenance materials cost
• Opportunity cost
• Staff salaries
• Farmer training cost





between input and output variables and identifying those that
were of importance to a decision-maker, i.e., the variables,
whose measurement could help reduce the expected opportunity
loss of the decision. Since there was no basis for deciding
on the functional form of the relationship between test and
outcome variable, a non-parametric test was used to detect
these relationships. We used Spearman’s rank correlation, using
the usual statistical cutoff criterion of α < 0.05 to exclude
all variables that were not correlated with projected decision
outcomes. For those that were not correlated, the value of
information was zero, since the variable had no significant
relationship with the outcome. This criterion excluded most
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FIGURE 3 | Structure of the decision model.
variables, and discriminated well between informative and
obviously uninformative variables.
We then sorted the dataset by values of each remaining input
variable. In the sorted dataset, it was not possible to identify a
clear threshold, where the expected decision outcomes transition
from positive to negative. This was because the data was still
too “noisy.” To more clearly expose the effect of uncertain
variables on the decision recommendation, we processed the
dataset using a second-order low-pass Butterworth filter, with a
critical frequency of one divided by one tenth of the number
of values in the Monte Carlo output. This resulted in a smooth
dataset, in which it was often possible to identify a threshold,
where the sign of projected decision outcomes was reversed, e.g.
for variable values above the threshold, positive outcomes would
be expected, while values below the threshold would likely lead to
negative outcomes (note that using a signal processing filter is a
pragmatic way to solve the computational challenge of calculating
the EVPI, but it introduces a small amount of inaccuracy into
the threshold identification). With this threshold identified, the
EVPI was computed as the sum of all outcomes with a sign that
did not correspond to that of the expected value (e.g., all negative
outcomes, when the analysis produced a positive expected value),
multiplied by their respective chance of occurrence. This EVPI
procedure was applied to all output variables.
RESULTS
Due to the economic and biophysical disparities between Awer
andWitu, the two regions were modeled separately. The outcome
of the analysis was expressed as the net present value (NPV) of the
intervention for a farmer and for the overall project. Emphasis
was placed on the farmer NPV and overall project NPV, since the
implementer’s direct objective was to raise farmer incomes from
beekeeping. Cash flows were also illustrated, and variables that
had information value for the decision maker were identified.
Witu Community
In Witu, the median of the modeled distribution of average
annual monetary income per farmer practicing beekeeping was
Ksh 65 thousand, with 90% confidence that the actual income
lay within the range of Ksh −36 thousand to 140 thousand for a
farmer who would continuously practice beekeeping (Figure 4).
The chance of a negative average monetary NPV for a farmer in
this region was 24%.
The honey price, the amount of honey produced per hive, the
number of hives per farmer, the number of harvesting seasons
per year and the honey processing cost were the most important
variables according to the PLS analysis. The distribution of total
farmer NPV, including indirect benefits from beekeeping, e.g.
through improved pollination of crops, had a median of Ksh
72 thousand, with a 90% confidence interval of Ksh-30–251
thousand.
Since both positive and negative farmer outcomes appeared
plausible according to the simulation results, the EVPI analysis
indicated that additional information about four variables could
potentially change the recommendation emerging from the SIE
process. These were the honey price, with a value of information
of about Ksh 2750, followed by honey production per hive (Ksh
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FIGURE 4 | Projected outcome distribution (top left), high-value variables (EVPI; top right), project cash flow (bottom left) and important variables (determined by PLS
regression; bottom right) for a farmer practicing beekeeping in Witu, Kenya. Results were produced through Monte Carlo simulation (with 10,000 model runs) of
project performance over 10 years. Red and green bars in the outcome distribution indicate positive and negative values, respectively. In the PLS plot, green bars
indicate positive correlations of uncertain variables with the outcome variable, while red bars indicate negative correlations.
1750), the number of hives per farmer (Ksh 1250) and the
number of harvesting seasons per year (Ksh 50).
The distribution of the projected NPV for the project in Witu
had a median of Ksh 36 million, with 90% confidence that the
actual NPV for the project lay within the range of Ksh-14–150
million. The model responded most sensitively to the amount
of honey produced per hive. Seven other variables also had
important impact on projected outcome values (Figure 5).
The distribution of projected decision outcomes included
both positive and negative outcomes, and additional information
on some individual uncertain variables had potential to change
the decision recommendation. EVPI analysis indicated that
information on the honey price in Witu was the most valuable to
the project implementers, with a value of about Ksh 1.1 million.
The amount of honey produced per hive (Ksh 0.6 million) and
the number of hives per farmer (Ksh 0.4 million) were also of
value to the project implementers.
Awer Community
In Awer, the distribution of projected average monetary income
per farmer practicing beekeeping had a median of Ksh 130
thousand per year, with 90% confidence that the actual value
lay within the range of Ksh 1.5–340 thousand per year. The
chance of loss for a farmer in this region was 4.6%. Total
farmer NPV including non-monetary benefits had a median
of Ksh 140 thousand with a 90% confidence interval of Ksh
7.2–340 thousand. The price of honey was identified as the
most uncertain variable by the PLS analysis, alongside five other
variables (Figure 6).
EVPI analysis indicated that none of the variables had any
information value for the farmer. This meant that, if the NPV
was the main criterion for evaluating the attractiveness of the
HVC intervention, then farmers would be well-advised to engage
in beekeeping, and no additional information on any of the
variables would change this recommendation.
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FIGURE 5 | Projected outcome distribution (top left), high-value variables (EVPI; top right), project cash flow (bottom left) and important variables (determined by PLS
regression; bottom right) for the overall project in Witu, Kenya. Results were produced through Monte Carlo simulation (with 10,000 model runs) of project
performance over 10 years. Red and green bars in the outcome distribution indicate positive and negative values, respectively. In the PLS plot, green bars indicate
positive correlations of uncertain variables with the outcome variable, while red bars indicate negative correlations.
The overall project NPV had a median of Ksh 38 million per
year, with 90% confidence that the actual value lay within the
range of Ksh-0.9–120 million. PLS analysis indicated that the
honey price was the most uncertain variable in the projection
of project NPV in Awer (Figure 7). Although PLS indicated that
projected project outcomes responded to variation in a number
of variables, no additional information on any of these variables
had the potential to change the recommendation that the project
implementer should invest in honey value chains in the region.
DISCUSSION
Beekeeping is a high-risk, high-return venture that requires
a well thought-out project design to maximize returns [20].
Introduction of the HVC intervention as an economic incentive
for rural communities along the Kenya-Somalia border to
conserve the environment may generate significant impact in
terms of raising income (average of Ksh 65 thousand per farmer
for Witu and Ksh 130 thousand per farmer for Awer). However,
the success of this intervention, especially for regions such as
Witu, requires close monitoring by the implementing agency to
minimize the chance of loss (24%).
In Witu, the most critical variable was the price of honey,
which individual beekeepers have relatively little influence on.
Current honey price, based on the baseline survey, is within
the range of 3–7 hundred Ksh per liter. At this price, returns
may be too low for a farmer who pursues beekeeping as the
only source of income. For a farmer who invests in beekeeping
as a supplementary source of income, the current honey price
looks promising. Analyzing the impact of different factors that
may affect the honey price in the future, e.g., packaging, honey
quality, access to formal markets and exploitation by middlemen,
will provide useful information to support farmers’ decisions
on investments in honey value chains. The amount of honey
produced per hive is also a critical variable to farmers in Witu
(Figure 4). Since productivity is a function that depends onmany
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FIGURE 6 | Projected outcome distribution (top left), high-value variables (EVPI; top right), project cash flow (bottom left) and important variables (determined by PLS
regression; bottom right) for a farmer practicing beekeeping in Awer, Kenya. Results were produced through Monte Carlo simulation (with 10,000 model runs) of
project performance over 10 years. Red and green bars in the outcome distribution indicate positive and negative values, respectively. In the PLS plot, green bars
indicate positive correlations of uncertain variables with the outcome variable, while red bars indicate negative correlations.
factors, such as good apiary management, access to extension
services, technology deployed and bee forage availability, studies
on these factors promise to reduce decision uncertainty for
farmers. Modifications to the original project design that address
the influence of these variables on the farmer NPV could reduce
the chance of losses for beekeepers.
Most model runs for project NPV in Witu indicate a positive
outcome, although there is still a chance (23%) of not achieving
the goal of raising incomes for farmers in the region. This is
because beekeeping is a relatively new venture for most farmers.
The value chain is not well developed and a lot of investment has
to go into farmer training to increase productivity. The honey
price, the amount of honey produced per hive and the number
of hives per farmer are the most critical variables for the project
implementer. It is therefore important for the implementer to
work with farmers to acquiremore information on these variables
and how they will influence their respective NPVs.
In Awer, the HVC intervention can increase monetary income
for beekeepers by about Ksh 48 thousand based on the baseline
survey. This is slightly higher than in Witu (Ksh 26 thousand),
but this is expected, since most farmers in the region were already
practicing beekeeping. The project plan to support existing
traditional beekeeping methods, establish a honey collection
center and support value addition activities such as packaging,
branding and processing of other bee products, was likely to
be more effective in raising incomes, since it would focus on
bridging gaps in the chain. In Witu, the focus is on introducing
the HVC to the region.
The EVPI analysis indicated that no additional information
on any of the variables could change the recommendation
that farmers should invest in beekeeping (Figure 6). This is
not surprising, since the region is characterized by high honey
productivity and well-defined markets. The overall project
NPV in Awer suggests that introducing HVC is economically
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FIGURE 7 | Projected outcome distribution (top left), high-value variables (EVPI; top right), project cash flow (bottom left) and important variables (determined by PLS
regression; bottom right) for the overall project in Awer, Kenya. Results were produced through Monte Carlo simulation (with 10,000 model runs) of project
performance over 10 years. Red and green bars in the outcome distribution indicate positive and negative values, respectively. In the PLS plot, green bars indicate
correlations of uncertain variables with the outcome variable, while red bars indicate negative correlations.
viable, even when fully considering the cost incurred by the
implementing agency (Figure 7). The effort to improve certainty
on the business case may not influence the decision to invest in
HVC, since no additional information on any of the variables had
value to the decision-maker.
Impact of the Intervention on Biodiversity
Conservation Efforts
Biodiversity conservation is linked to income from beekeeping,
because conserving the surrounding forests provides flowers
for bees to forage on, thus ensuring high honey productivity
throughout the year. However, raising incomes for communities
within conservation areas, which is the goal of the HVC
intervention, does not necessarily mean that these communities
will conserve biodiversity [21]. Therefore, for IGAD-BMP to
maximize its impact in terms of biodiversity conservation,
the program must ensure that rural communities not only
generate sustainable incomes from honey production, but also
perceive relationships between these incomes and biodiversity
conservation, i.e., that high honey production correlates with
success in preserving biodiversity. A study on how increased
incomes from honey value chain interventions would affect
biodiversity conservation outcomes could produce valuable
information on the prospective impacts of the intervention on
biodiversity conservation.
Recommendations for Project Monitoring
Although the intervention looks promising, a few areas need
to be monitored to reduce the chance of negative outcomes.
In Witu, the price of honey has to be monitored to ensure
farm gate prices can provide sufficient income to bee-keeping
farmers. To reduce the chance of negative outcomes as a result
of low farm gate prices, there is a need to link farmers to
formal markets, promote collective marketing and invest in value
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addition. The amount of honey produced per hive should also
be monitored, since it is critical in determining whether farmers
investing inHVCs are likely to reap net benefits. Adequate farmer
training and mitigation of risks, such as theft, land conflicts
and fire outbreaks, will help reduce the chance of farmers
abandoning honey production. Further, there is a need to identify
the minimum number of hives per farmer that would provide
substantial increase in income. The implementing agency would
then focus on ensuring that most of the farmers have this
minimum number to motivate them to continue contributing to
HVCs.
In Awer, not much can be done in terms of project monitoring
to reduce negative outcomes, since the chance of such negative
outcomes was very low. However, the implementing agency
can focus on monitoring how these positive outcomes affect
biodiversity conservation efforts. There are no clear linkages
between increase in income and biodiversity conservation.
Clarifying and generating awareness on these linkages, e.g.,
through research and education on the need to conserve
biodiversity to increase honey production, will help the
implementing agency to better understand—as well as enhance
the impact of—the project on biodiversity conservation.
Future Application of the SIE Approach
The costs, benefits and risks of biodiversity-based value chains,
and agricultural interventions in general, typically have high
levels of uncertainty, especially when considering the long-
term and off-site effects of proposed interventions. In light
of these uncertainties, the single most important task facing
agricultural intervention planners is perhaps to determine the
best way to make decisions [22]. Uncertainties and risks
have to be quantified, policy preferences clarified and priority
measurements for supporting their decisions identified.
The SIE approach can provide plausible solutions to this. The
first critical step in the SIE process is to clearly define the decision
to be taken. This step often does not receive sufficient attention
[23], but it is instrumental in understanding what has to be
measured. In this analysis, we spent about 30% of the entire effort
on clarifying questions such as whether the implementing agency
would cater for the full project implementation cost or whether
these costs would be shared with farmers, who would be the
actual beneficiaries of the project and whether the implementer
was interested in return on investment. Clarifying these questions
early in the implementation planning process enabled IGAD-
BMP stakeholders to easily identify relevant benefits, costs, risks
and external factors that would affect project performance.
The SIE approach allowed identification and prioritization
of critical uncertainties in the project. Variables prioritized for
further measurement in one of the regions (Witu) appeared
easy to quantify with small efforts in data collection. In
the other region (Awer), no measurements on any of the
variables would change recommendations to farmers and the
implementing agency to invest in HVCs. This demonstrates that
the SIE approach has potential to substantially enhance the cost
effectiveness of decision-supporting measurement campaigns
for agricultural intervention planners. The approach presents a
clear business case for or against investment in a project where
outcomes are uncertain. This can provide critical information
to investors aiming to support agricultural interventions with
limited resources.
CONCLUSIONS
Investment in HVC as an economic incentive to conserve
biodiversity requires thorough analysis of investment options to
maximize returns to different stakeholders. This can be achieved
through probabilistic stakeholder-disaggregated outcome
projections for biodiversity-based value chain interventions.
Clarifying the decision question turned out to be critical
for the decision making process. This greatly facilitated the
development of a decision’s impact pathway, which could
then be easily converted into a quantitative decision outcome
projection model.
Tailoring interventions to meet economic, social and
environmental requirements of rural communities is very
important, so decision-makers need approaches that allow
holistic ex-ante analysis of investment options. The cost-benefit
and risk analyses for biodiversity-based value chains should
consider all factors that are relevant for the implementation of
the decision, even those that initially appear “intangible” or for
which no data are available. Incorporation of local and expert
knowledge into decision making using the SIE framework can
significantly improve the quality of decisions.
Value of Information analysis can provide indications of
what needs to be measured to support intervention decisions.
While many uncertainties usually exist in all decisions that affect
complex systems, only those uncertainties that are of value to the
decision maker should be prioritized for further measurement.
This can substantially reduce the cost of data collection aimed at
informing decisions.
STUDY ETHICAL APPROVAL AND
CONSENT
The analysis relied on information obtained from literature
review, key informants and subject matter experts. This did
not require ethical approval as per institutional and national
guidelines, but a written and informed consent was obtained
from key informants and subject matter experts. The baseline
survey outcome in the study background was generated from an
open access dataset, where the data was properly anonymized
[24]. Written and informed consent was also obtained from all
survey participants at the time of original data collection.
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